movement and not to grasp an object, which implies more complex concepts of contact mechanics. This approach simplifies the computation of the dynamic equations. Other authors have preferred different approaches, for example grasping analysis or modeling, in which the shape of the phalanges is more important. In the design of an artificial finger we must first fix the dimensions of each phalanx. We started by considering a Fibonacci series, as the basis for computing the right proportional structure of the finger (Gupta et al., 1998) . We also consulted the ergonomics literature of Garrett, 1971 and Pheasant, 1996 . After fixing the lengths, we developed the shape. Fig. 1 . The model proposed by Esteki & Mansour, 1997, includes Thumb, Index Finger, Palm and Inter-segmental Joints. In the sequence of the images, the cylinder is successfully grasped between the index finger, thumb and palm. Initial, final and two intermediate pictures of the hand motion are presented (figure from the cited paper).
Some Examples
We considered the work of Esteki & Mansour (1997) to model hand positioning and grasping force. They treat the hand as a jointed multi-body system. Thumb, Index Finger, Palm and Inter-segmental Joints are included in the model (Fig. 1) . Each phalanx is represented by a cylindrical rigid body whose dimensions are measured for one subject. Segment masses and principal moments of inertia are computed on the basis of the volume and geometry of each segment, using a specific mass of 1.1 g/cm 3 . Moreover, it is assumed that the shape of the contacting thumb surface is a section of a sphere and that only the distal phalanx of the thumb is in contact with the object. Another interesting kinematical model was developed by to simulate and predict the prehensile abilities of the human hand. The model is based on an algorithm that determines the contact between two ellipsoids (Fig. 2) , which are used to approximate the geometry of the cutaneous surface of the hand segments. Ash & Unsworth, 1996 & Ash et al., 2000 .
Coefficients to estimate anthropometric parameters from hand length and breadth are incorporated in this model. The model was developed to predict or quantify the grip posture (Fig. 2, bottom panel) . Moroever Buchholz collected data that would allow modeling the surface of each segment as a group of ellipsoids instead of a single ellipsoid.
Another approach to design artificial finger or portions of the finger came from the medical environment: phalanges bones from 83 PIP joints were dissected in order to determine the shape and size of the articular surface (Ash & Unsworth, 1996) . Then, the dimensions were used in the design of surface replacement prosthesis for the PIP joint. Finally, from a statistical analysis of the parameters (Fig. 3, top panel) , a cross-linked polyethylene (XLPE) surface replacement finger joint prosthesis (Fig. 3, bottom panel) was designed (Ash & Unsworth, 2000) . Dimension is similar to the natural one (images from Secco, 1997) . PIP joint replacement is just a little portion of the entire finger and of the entire hand, whereas many attempts have been made by many laboratories for realizing artificial fingers and/or entire robotic or prosthetic hands in the last 10-20 years (for a rapid review see Rosheim, 1994) . In this context, we would like to introduce some proposals for the realization of a 3 dof robotic middle finger (Secco, 1997) . The profiles of the phalanges imitate the human finger phalanges (Fig. 4) , while the movement is guaranteed by the action of three wires (like human tendons) into the mechanical structure. Flexion is supported by 3 active tendons, extension is effected by pre-compressed springs into the three joints ( Fig. 5 ). . Three potential motor configurations. TOP PANEL. Extent and flexion actuators (i.e. 6 motors for 3 independent phalanges). This configuration is expensive in terms of number of actuators and of mechanical complexity -adopted by the MIT Hand, i.e. 266 pulleys to drive all the tendons network - Jacobsen et al., 1986 . MIDDLE PANEL. Extent & flexion are driven by the same motor for each phalanx. In this configuration the tendon excursions (flexion and extension) must be the same -this configuration is adopted, for example, by the UB Hand II - Melchiorri & Vassura, 1995) . BOTTOM PANEL. Flexion is actively relized by motors, while extent follows by the spring responses.BELOW. Details over the tendon attachment on the third DIP phalanx.
Different motor configurations were analyzed to establish if flexion and extension should be activated by 3 (or 6) independent motors and/or by passive springs placed around each articulations (Fig. 5) . Tendons attached to the finger's skeleton are also discussed, according to bio-mimetic analogies (Fig. 5 , bottom panel -see also Kapandji, 1970) . The final configuration is based on three artificial muscles -Wittenstein Motion Control Gmbh, link {1} -placed in the forearm that move the three phalanges independently. The final design of two (of the 3 phalanges) is shown in Fig. 6 where the dimensions of the mechanical phalanges are similar anatomically to the human middle finger. It is important to note that the "imitation" approach has recently stimulated further discussion (Schaal, 1999) and it has been adopted at the A.I. Laboratory of MIT {2} (development of a human-like finger system), at the LIRA-Lab -{3} (the Babybot Project) and at the Humanoid Robotic Group Research at MIT -{4} (see also the Biologically Inspired Robotics Laboratory -{5}).
Fig. 6. Top and lateral view (respectively on the LEFT and on the RIGHT side) of the DIP and PIP phalanges (respectively on the TOP and on the BOTTOM). Quotes are expressed in [mm]: the mechanical components are dimensionally similar to the human phalanges morphology -from Secco, 1997. 
Bio-Mimetic Motion Planning
We propose a method, based on both physiologic and engineering considerations, for the motion planning of a prosthetic finger. In particular, we exploit a minimum jerk approach to define the trajectory in Cartesian space. Then, cubic splines are adopted in the joint space. The redundancy problem arising from the presence of three links is solved by assuming that there is a constant ratio between the second and the third joint motion. The value of the proportional constant is determined by minimizing the maximum jerk in the joint space. It is found that this constant value can be suboptimally, but effectively, set to one for all the movements. This approach guarantees a natural movement of the finger as well as reduced vibrations in the mechanical structure and increased control performance.
Introduction
In the past few years there has been significant development of prosthetic hand devices and haptic perception. Many laboratories have produced multi dof artificial hands for robotic and/or prosthetic applications (see, e.g., Jacobsen et al., 1986; Rosheim, 1994; Melchiorri & Vassura, 1995) . In this context, after reproducing the morphology, it is also of interest to reproduce the natural movement of the fingers in order to perform different tasks, such as exploring an unknown object with an artificial hand (for teleoperation use) or reaching and handling an object with prosthetic devices (for the support of handicapped patients). However, this has to be done while also taking into account the design constraints of the mechanical structure and of the control architecture.
From the physiological side, many studies have been published regarding the finger (Harris & Rutledge, 1972; Buchner at al., 1988; Lee & Rim, 1990; Hoff & Arbib, 1993; Hahn et al, 1995; Brook et al., 1995) , arm (Massone & Bizzi, 1989; Okadome & Honda, 1999) , and human movements in general (Nelson, 1983; Plamondon, 1995ab) , with both kinematic and dynamic approaches. In general, they conclude that natural movements are planned and executed by following optimization principles. In particular, we highlight the contribution of Flash & Hogan (1985) who show that the upper limb movements in the proximal space are executed in order to minimize the square magnitude of the jerk (the derivative of the acceleration function) of the extremity in the Cartesian space over the entire movement. Following this result, Laczko et al. (2000) investigated, in multi-joint kinematic chains, the relative contribution of the velocities, accelerations, and jerks in the individual joints to the total endpoint jerk; they concluded that the term related to the individual joint jerk dominates over the others. From a robotic viewpoint, the problem of determining the motion of a multi joint finger has to face the redundancy of the system, i.e., there are an infinite number of joint configurations for a unique Cartesian fingertip position. In other words, the presence of the third joint/phalanx implies that we have three dof, namely one more than that necessary to address a motion in a two-dimensional plane. In general, the additional dof is exploited in order to minimize some objective function. It is also recognized that the minimization of the joint jerk provides benefits to the mechanical structure of a robot manipulator, reducing the presence of vibrations and the joint wear and therefore increasing the robot life-span (Craig, 1989) as well as permitting the increase of trajectory control performances (Kyriakopoulos & Saridis, 1988; Secco & Magenes, 2002ab) . In this context, different approaches to minimize the joint jerk in the trajectory planning of robot manipulators have been proposed in the literature (Simon, 1993; Piazzi & Visioli, 2000) However, when the coordinated movement of a prosthetic arm, consisting of a multilink/multi-joint kinematic chain, has to be programmed and controlled in order to reach a determined position in the proximal space with the end-effector (the fingertip) for grasping, touching, or exploring an object, it seems useful to maintain a smooth motion of the fingertip along the straight line trajectory connecting its initial and final positions. This implies a smooth control of the fingertip in the Cartesian space, with null acceleration at the beginning and at the end of the motion. This should prevent accidental mechanical shocks of the fingertip on the object, due to possible minute errors in the joint actuators. Thus, in addition to physiological requirements, this represents an important mechanical feature, as a low impact is guaranteed in the fingertip approach to the object's surface.
Taking into account all these considerations, we propose a new approach for the motion planning of a prosthetic finger, based on the minimum-jerk principle. Basically, it consists of defining linear movements of the tip in the Cartesian space, defined in such a way to minimize the Cartesian jerk. Then, the inverse kinematic problem is solved by using cubic splines to interpolate the trajectory between the two known knots and by fixing a constant ratio between the second and the third joint angle. The value of the constant ratio is found by minimizing the maximum jerk of the three joints. The obtained results are consistent with physiological evaluations.
The Minimum Jerk Principle

Motion Planning in the Cartesian Space
We consider a human middle finger, shown in Fig. 7 , where L1 = 54 mm, L2 = 26 mm, and L3 = 20 mm are the lengths of the phalanges 1 and ϑ 1 , ϑ 2 , and ϑ 3 are the Metacarpo-Phalangeal (MP) joint, the Proximal-Inter-Phalangeal (PIP) joint, and the Distal-Inter-Phalangeal joint (DIP), respectively. From physiological considerations (Kapandji, 1970) it has been assumed that °≤ ≤°− 90 30
Only straight movements in the X-Y plane are considered.
By applying the mathematical model developed by Flash and Hogan (1985) to the finger, it results that a natural movement from position (x 0 ,y 0 ) to position (x f ,y f ) starting at time t 0 = 0 and ending at time t f has to minimize the following function, (the time integral of the square of the magnitude of jerk):
where x and y are the time-varying coordinates of the fingertip position. By solving the optimization problem, we see that the trajectory of the fingertip in the Cartesian space is uniquely determined as follows:
(3) 1 We applied this study also with the average American female middle finger (L1 = 42.11 mm, L2 = 20.27 mm, and L3 = 15.60 mm) and with the average American male middle finger (L1 = 46.22 mm, L2 = 22.26 mm, and L3 = 17.12 mm - Garrett, 1971 ), obtaining the same results for all the three fingers. The length of the phalanges is not a critical issue as well (see details in Secco et al., 2002) . 
Motion Planning in the Joint Space
Once the movement of the fingertip in the Cartesian space has been determined, the inverse kinematics problem has to be solved in order to calculate the motion law in the joint space, which is then applied to the robotic finger by using appropriate actuators. A practical solution, often adopted in industrial environments, is to select a sufficient number m of equally spaced knots along the Cartesian trajectory. For simplicity, we select the knots d 1 ,..., dm, at time intervals equal to each other. Then, the corresponding joint configuration has to be determined by applying the inverse kinematics. In this context, the redundancy problem has to be faced. Namely, the presence of three joints causes that an infinite number of joint configurations solve the inverse kinematics problem. One of the simplest methods to effectively tackle the redundancy problem, consists of maintaining the angle of the third phalanx proportional to that of the second phalanx, namely,
Note that this assumption seems to be reasonable from a physiological point of view, since such proportionality -eq. (4) -drives the natural movment of the human finger (see, e.g., www.intechopen.com Harris & Rutledge, 1972; Hahn et al., 1995; Secco, 2001) . Then, for each joint, cubic splines (Craig, 1989; Lin et al., 1983 ) are adopted to interpolate the resulting displacements for each joint. The salient feature of the cubic splines is that they assure the continuity of the velocity and acceleration functions and, being of low order, they prevent large overshoots (see details in Secco et al., 2002) .
Optimization Problem
In the framework proposed in the previous subsections, the resulting trajectory in the joint space depends on the design parameter K. An explicit solution of the inverse kinematic problem that depends on K cannot be computed because of its high complexity. Therefore, the value of K has to be fixed before the inverse kinematics and the cubic splines approach are applied. In this context, the inverse kinematic problem can be solved by applying a standard Newton-Raphson algorithm (Ortega & Rheimboldt, 1970) . Thus, once a value of K has been selected, taking into account the physical constraints on the joint angles (1), the inverse kinematic problem can be uniquely solved.
An appropriate method to find the value of K is to minimize the maximum jerk over the three joints. In other words, we have to solve the following constrained min max optimization problem:
From a practical point of view, an upper bound for the optimal value of K can be easily found by taking into account again physiological consideration (Kapandji, 1970) . A conservative upper bound K + = 1.5 has been selected, while, as a lower bound, the value K -= 0 has been retained. In order to find the optimal value K * that minimizes (5), a tight gridding (with step equal to 0.01) over the interval [K -, K + ] has been performed, evaluating the maximum jerk for each value of K and then selecting the optimal one (see details in .
Results
The algorithm presented in Section 2.3 has been applied to a large number of movements, with different motion times . Here, for the sake of clarity, we focus on some significant results that illustrate the conclusions we draw. In particular, we consider straight movements performed in an interval time of 1 s (i.e., t f = 1 s) with m = 20. As example, different configurations of the finger for particular movements are reported in Fig. 7 . First, we select all movements starting in (100,0) - Fig. 7 -and ending in the points of the workspace. In all cases we obtain that the optimal jerk corresponds to a value of K close to 1. The resulting optimal jerk j * for each movement is shown in Fig. 8 -top left panel. Slightly different results are obtained for different starting points. Namely, the solution of the optimization problem does not always yield to the value K = 1. In any case, it is of interest to compare the values of the jerk j * achieved for the optimal values of K and the values of the jerk achieved by fixing K = 1. They have been reported in (20,60).
It appears that the difference between the values of the maximum jerk achieved by selecting the optimal value of K and K = 1 is not very significant. This is confirmed by the fact that the resulting optimal value of K is indeed K = 1 for many movements. The reader can appreciate what is affirmed through the illustrative example of Fig. 9 -right panel, where the final points of the movements (for the case x 0 = 20 and y 0 = 60) for which the optimal K is equal to one are indicated. For a better evaluation of the results from an analytical point of view, the mean value of the maximum jerk and its standard deviation for the considered movements are reported in Table 1 . 
Discussion
The obtained results show that a suitable choice to solve the redundancy problem in the motion planning of the prosthetic finger consists of choosing a constant ratio equal to one between the PIP and the DIP joints. Although the proposed solution is theoretically suboptimal, from a practical point of view it is easy to implement and preserves the minimization of the maximum jerk in the joint space. In addition, the value K =1 is appropriate also from physiological considerations, as it reflects the behavior of a real human finger (Harris & Rutledge, 1972; Secco et al., 2005; Sumbre at al., 2005) . It also worthnoting that for K = 1 the inverse kinematic problem can be solved analytically (details in Secco et al., 2002) . Hence, the overall proposed methodology satisfies both physiological and engineering requirements as the planned movement reflects that of a human finger, both in Cartesian and in the joint space, and it ensures the prevention of vibrations and the increasing of the control performances by keeping the maximum jerk of the joints at a low level. 1 . Mean value and standard deviation of the maximum jerk for different motions with the optimal value of K and with K=1.
Conclusions
This strategy ensures both a smooth approach to the object along a straight line trajectory (with a low shock of the fingertip when touching the object) and low jerk at the joint level, as required by physiological and mechanical considerations. The redundancy robotic problem is solved by selecting a constant ratio (equal to one) between the PIP and the DIP joint, in order to minimize the maximum of the jerk functions of the three joints. This solution is suitable to be applied in a practical context since it satisfies engineering requirements (easiness of implementation, reduction of vibrations, increasing of the control performances, etc.) and at the same time it allows a physiological smooth natural movement.
Bio-Mimetic Control: Teaching a Robot With Human Natural Movements
After reproducing the morphology and the kinematics, we face a human inspired sensorimotor approach to robotic systems, to solve the problem of designing adaptive and learning robots for widely versatile tasks. Hence we present a nn controller for driving the 3 dof finger to desired positions in space. The controller is taught with human movements of the corresponding finger. At the end of the training process, it is able to closely imitate the physiological control and the motion planning strategy of the human being. Generalization properties are shown after the training process (that is the capacity to move the device in different directions and places never seen during the teaching phase). This approach seems promising for controlling artificial prosthetic and robotic upper limbs in general. Fig. 10 . LEFT PANEL. Conventions of the signs, the external forces and the motor torques applied to the three phalanges -τ 1 , τ 2 and τ 3 are the MP, PIP and DIP Phalanx torques. G 1 , G 2 and G 3 are the 3 barycenters; m 1 , m 2 , m 3 , ϑ 1 , ϑ 2 , ϑ 3 are masses and angular displacements respectively -g represents the gravitational contribute. RIGHT PANEL. Schematized representation of the geometrical model adopted for the middle finger in the vertical plane: the rectangular box represents the workspace domain of the nn controller. 
Introduction
The problem of designing and producing a humanoid robot, able to interact intelligently with the environment, has recently been inspired by the behavior-based approach that avoids high level cognitive representation and relies upon a tight connection between sensory and motor systems (Brooks & Stein, 1994) . Among the evident advantages that could derive from a human inspired sensorimotor approach to robotic systems are the reproduction of the outstanding fault tolerance, the adaptability to changed environments, the learning ability and the inherent versatility of human beings.
In this last paragraph we present a nn controller for driving the 3 dof finger to a desired position in its proximal space. The controller is taught with human movements of the corresponding finger and, at the end of the training process, it is able to closely imitate the physiological control and the motion planning strategy in human beings. Both for robotic and prosthetic applications, such control system driving multi dof artificial limbs in a smooth natural manner could represent a noticeable improvement. Moreover it is compulsory that the natural movement, instead of being controlled by overwhelming equations (see par. 2), can be executed in a straightforward manner and can be learned by examples from human experimental measurements. Thus, a possible methodological tool capable of achieving the desired specifications is represented by artificial nn. They allow us to setup the control system bypassing the computation of the explicit solution of the inverse dynamics problem. The control law is obtained by optimizing the weights of the nn through a supervised training procedure which utilizes a set of input-desired output pairs, taken from natural movements measurements.
Methods
The robotic finger is mechanically simplified as consisting of three links (the MP, PIP & DIP phalanges) and three planar joints (the 3 articulations), on which three torques can be applied by means of small torque motors. A mechanical model of the artificial finger, a kinematic model of its movement and a dynamic model are developed. A similar approach could be easily readapted to the analysis and control of the upper limb too.
The Plant and the Controller
The mechanical properties of the finger have been previously characterized by the mass, the friction and the forces acting on each phalanx (Secco & Magenes, 2002a) . Each joint torque motor is provided by a rotational encoder giving the angular position and velocity of each phalanx with respect to the preceding one. The finger is acting on the vertical plane under the gravity action. Specifically we consider a planar model of the middle finger consisting of 3 rods (the 3 phalanges) and 3 hinges -the MP, PIP and DIP joints. The choice of neglecting lateral movement is supported both by the need of simplifying the problem and by the design constraints of a prosthetic/artificial middle finger. The finger configuration is defined by the three angles ϑ 1 , ϑ 2 and ϑ 3 as illustrated in Fig. 10 -according to the robotic Denavit-Hartenberg notation. The anatomical constraints and the dynamic phalanx properties are selected according to the anatomical behavior of the homologous human finger. These conditions univocally determine the workspace of the artificial fingertip (x,y) -L 1 , L 2 and L 3 are defined as the MP, PIP and DIP phalanx lengths, ϑ 1 , ϑ 2 and ϑ 3 the respective relative angular dispositions.
Whereas we need to check the behavior of the network by supposing a virtual movement and not using the real acquired movements, the adopted kinematic model follows a simple approach; we fix a smooth natural movement mathematically illustrated by the two conditions expressed in Eq.
(2) & (4) with K = 1. The first equation comes from the minimum jerk theory which we are extending to the finger, while the second hypothesis stems from the necessity to support the first, because of the three dof redundancy (see the details in par.
2). By means of the imposed conditions we can describe a rectilinear and smooth movement of the fingertip (as reported on the background of Fig. 11 -top panel) , providing an unimodal bell speed profile. Fig. 11 . TOP PANEL. The closed loop control system: the controller (MLP) is fed back by the proprioception of the muscle spindles. A direct dynamic block determines the effective movement due to the applied torques. BOTTOM PANEL. The Multi Layer Perceptron (MLP) nn: the structure of the I/O training vector, the activation functions and the number of neurons for each layer. In the configuration of the figure we have 8, 3 and 3 neurons on the 1 st , 2 nd , and 3 rd layer respectively. Activation functions are tansig, tansig and purelin respectively. Because of the type of activation functions, the three outputs are normalized between [-1,1 ]. Others structures were tested applying different architectures of the network with 3 and 4 layers and different numbers of neurons. The present configuration and the training set dimension are the results of an optimized compromise (see for details Secco & Magenes, 2002a ; see also Haykin, 1999) .
The dynamics is governed by the kinematics. The kinematics is the real movement or the ideal movement that we have described above. In order to set up a dynamic model we define the properties of the artificial finger by establishing that a) the finger is moving on a vertical plane and it is subject to gravity, b) the phalanges are treated as homogeneous rods, c) the torques are provided by the motors positioned on the joints. Following Lagrange's approach we could write out the expressions of the three motor torques (Secco and Magenes, 2002ab) .
Finally, a Multi Layers Perceptron (MLP) nn is setup. The input of the controller are the desired position and velocity of the fingertip (sensorial input) and the actual position and velocity (proprioceptive input). The output produces the joint torques. The MLP is fed back with the actual positions and velocities by closing the sensorimotor loop through the dynamics of the finger: the real movement due to the applied torques is sent back to update the proprioceptive input. The training performance is the minimization of the SSE (Sum Squared Error) of the output normalized torque. The three generalized forces are previously normalized between [-1,1] -three factors of normalization are applied (one for each phalanx) -to be compatible with the domain of the nn activation functions. The resulting performance function is:
where: ijk τ = simulated normalized value of the torque from the nn output ijk τˆ = desired normalized value of the torque from the dynamic equations i=1, 2, 3 = number of phalanges j=1, 2, …, 7 = number of movements k=1,2, …, 23, 24 = number of steps/temporal passes for each movement The adopted network has 8-5-3 neurons on the first, hidden and output layer respectively (Fig. 11 -bottom panel) . Thanks to the dynamic model we are able to compute the necessary torque for each required movement and to train the controller. The learning procedure is back-propagation with adaptive learning rate and momentum term in batch mode 2 . Seven human movements are applied with the respective computed torque vectors for the learning phase
Teaching the movement
We performed some experimental measurements on the human movements of flexion and extension of the human finger. More precisely, we prepared an experimental setup to acquire the free flex-extension movements of the right index finger of human subject. Before describing the apparatus, the measures and the results, we want to stress why it was important to perform this experimental phase.
First, the obtained data could be used to train the controller with actual natural movements. Through this procedure we could bypass the identification of the natural movement model. Moreover, we could get closer to the realization of a robotic/prosthetic device, which is trained by the observed movements (Da Cunha et al., 2000) . Second, the analysis of the data would have allowed us to improve/verify the kinematic model we apply to prepare the virtual movements (that is the kinematic model - Secco et al., 2002) .
Third, we could control the effective torque patterns with respect to the training ones. We mean that we could apply the acquired movements to the artificial phalanges, deducing the consequent 'real' motor torques to move in this natural manner. A passive infrared markers system was used (Elite® System). We registered the movements by two cameras at a 100 Hz frequency. After the calibration and the estimation of the position error (less than 1%), we applied 4 markers on the lateral side of the right index finger of 11 healthy volunteers. We acquired the movement on the saggital plane (we call it the xy plane). We fixed the transducers to the MP articulation (Marker n. 1), PIP articulation (Marker n. 2) and DIP (Marker n. 3) one. A fourth marker describing the Fingertip movement was fixed on a thimble that the volunteer was wearing during the acquisition. The palm was placed on a support, while the finger freely moved into the calibrated volume in front of the two cameras. The four markers were always visible from both the cameras. Approximately the finger moved on the xy plane (apart from the movement of the palm on the hand support and the disturbances due to the movement of laterality -not inhibited). At the beginning the support was placed in such a manner that the palm distance from the flat was 50 mm. In a second phase the support was rotated and the distance between the palm and the flat was increased to 66 mm. For each phase and each person we asked to move the finger form a unique stretch limb configuration to a final fingertip position on the flat. The finger passed through the lighted band of a photocell: this was connected with a trigger that started the acquisition. Then the finger moved to one of the final possible positions on the flat: there were five possible final positions, equally spaced of 20 mm on a horizontal straigth line. In the best case, the total number of acquisitions for each of the 11 volunteers was 10 (5 movements with the support on the 'position 50 mm' and other 5 movements in the 'position 66 mm').
We can describe a single training movement as a sequence of multiple micromovements. The controller structure (that is the nn configuration and the training set dimension) was optimized for a 200 micro-movements set-up (Secco & Magenes, 2002a; Haykin, 1999) . Moreover we obtained not more than 8 movements of the same subject that were sufficiently extended in time. Thus we catched 7 of them for the training phase and one for the validation one. Considering the optimal number of micromovements was 200 and the number of entire available movements was 7, then we divided each available acquisition in 24 successive positions of the fingertip at equal temporal intervals ∆t = 30 ms, from an initial fingertip position (x i ,y i ) at time t i = 0 s to a final one (x f ,y f ) at time t f = 30 ms * 24 = 0.72 s. In this way 24 steps/µ-movements were used for each movement. The marker positions were previously filtered (low pass filter with a cut-off frequency of 10 Hz). The markers positions were then corrected by imposing a constant length of the phalanges during the motion. The Cartesian fingertip velocity was computed, filtered with a smooth process and used to define the beginning of the movement. Then the resulted vector was resampled with a 30 ms period (Vicini, 2003) . Then we computed the angular position, speed and acceleration of the three links to calculate the three torques for executing each µ-movement. The torques were normalized and the entire set of vectors -containing the 7 movements -was setup for the training phase of the controller.. Finally a 200 thousand epochs training history performs the final error SSE = 0.8.
Results
After training the MLP with the 7 real movements, we tested the same movements as input and we observed the normalized outputs. Here we show the results through graph bars and time patterns.
Open Loop Control (i.e. no proprioception)
For each movement, the SSE error of each temporal step is represented (24 temporal steps imply 24 torque values τ, where τ(t) was applied for a moving finger from time t-1 to time t).
The sum of the SSE of the three torque values (MP, PIP and DIP) for each pass is shown in the relevant bar ( Fig. 13 -top left panel) . The results are referring to the normalized torques. It is not manifested what happens to each phalanx torque in this representation. We need to look at each single phalanx torque computed by the nn in the simulation phase, and to compare it with the expected value. Fig. 13 -top It is possible to analyze and to represent the real/de-normalized torque values too, but we have to consider that: -real de-normalized values do not give information about the success of the training phase: differences of SSE could be caused by different orders of magnitude of the real de-normalized phalanx torques values involved; -de-normalized values trend is an homothetic transformation of the normalized ones because of the three applied factors of normalization (one for each phalanx). Mov. n. 7
We applied the simulated and de-normalized torque to the Direct Dynamic block. The results give an answer about the effective precision of the nn in executing the movement. We gave the generalization movement as input of this new configuration. We asked to the nn to execute the 8 th never seen before movement. The graphical result is reported on Fig. 13 -bottom panel. It is compared with the real 8 th acquired movement. The two final fingertip positions are not coincident: the distance between the two positions (less than 10% with respect to the entire fingertip movement) comes from the cumulative error of the three simulated torques integration. The final result depends on the integration of the highly non-linear dynamic equations. Every final trajectory of the training movements is well reproduced. Also the nn seems to be able to simulate never seen movement during the training phase. Therefore we could conclude that all the training movements are re-executed by the MLP in a very satisfying manner and that the nn can "implicitly learn" the dynamics of the system.
Closed Loop Control (i.e. proprioceptive feedback)
The dynamic control system was initially implemented as a sampled open-loop chain (feed-forward configuration). We did not closed the loop by up-dating the proprioceptive input during the motion. Actually, the feedback configuration of the controller represents the real natural condition. Thus we decided to realize the feedback procedure: we required the execution of a movement., then the movement was prepared and converted into a sequence of 24 different desired inputs and proprioceptive ones. For each step of motion from time t-1 to time t (as usual, t f = 0.72 s, t 0 = 0 s, ∆t = 30 ms) a couple of inputs (desired + proprioceptive) was given; due to the input, the MLP computed the torques at time t-1 and time t. Interpolating the three values between t-1 and t, the three torques patterns were finally integrated. The new final fingertip position at time t and its speed were fedback to update the proprioceptive input. This was the new state at time t-1 for the next step of motion from t-1 to t. The procedure was repeated until the 24 th step. The same generalized movement was simulated by closing the loop (feedback configuration). The final trajectory is reported in Fig. 14 -top panel.
Finally, we wanted to verify the nn ability of executing whatever movement by maintaing the same dynamics. We stressed the system by asking to execute a virtual rectilinear movement (as reported on Fig. 11 -top panel) by following the above defined kinematic model. We tested this in both the feed-forward and feed-back configuration. Graphical results are reported on Fig. 14 -bottom panel: we see that the feedback configuration (righ side of the mentioned figure) is clearly the best approach to imitate the biological control. We notice that both the curvilinear and the rectilinear movements are flexions. Extensions were tested with bad results. However, even if the controller is not able to execute reverse (or not-forward) movements, it seems able to generalize quite well (also in terms of initial conditions).
Considering that we could prepare more complete training sets (in terms of forward and reverse movements) with a consequent bigger capacity of moving in each direction, these results are very promising. Moreover, the application of such a system to the control of a device having a simpler dynamic -as a 2 dof arm -could be even more efficient. Fingertip 'real', '-'green line, and simulated, '-' blue line, trajectories obtained by the feedforward configuration controller (LEFT) and by the feedback configuration (RIGHT). The rectilinear movement is prepared by taking into account the kinematic model described in Par. 2, that is an extension of the minimum jerk theory (Flash & Hogan, 1985) -details on .
Discussion
It has to be underlined that an optimization procedure must be carried out on the training set depending on the network structure. We mean that the next step could be to improve the number of Macro-Movements in the set of training examples, without reducing the number of µ-Movements. This operation will require a re-modelling of the nn, due to the above optimization procedure (Haykin, 1999; Secco & Magenes, 2002a) . A further step would be to define a performance parameter that is representative of the graphical results and of the final fingertip position. For instance the Euclidean distance between the desired final configuration and the obtained one could be a good proposal. Furthermore, it would be useful to define a performance index before the integration. In fact, despite the compensative and positive effect of the feedback, the torques computation of the nn is controlled by the SSE, while the integration error is not 'controlled' yet. An intelligent solution could be to evaluate the area extension between the desired and obtained torques pattern. This is highly correlated with the integration. Finally, because of this correlation, we note (without the feedback) an increasing error on the fingertip position during the final part of the trajectory. An interesting development could be to train the network in function of a new Performance Parameter that depends on the integrated area between the MLP computed torques and the desired ones. However it has to be taken into account that the TIP reported trajectories represent the result of all the three torque integration, that is the final behaviour of a 3 dof mechanical chain. Due to the good results we would apply the same acquisition-learning-moving plant to the human arm, that could be initially treated as a more simple 2 dof planar limb.
The contents of such approach seem to have a high potential. By teaching the controller with few real movements, the system is able to 'generalize' and to learn the dynamics implicitly. We like imaging robots and/or prosthetic devices learning by the integration of different sensory information in a near future. A synergic fusion between proprioceptive and visual information has been proved a winning strategy. Further integration could be done by extending the application to the upper limb and, for what concerns the finger case, by involving tactile perception data (Caiti et al., 1995) in the device. The research trend on humanoid robots and/or helpful devices -prosthesis -has to be oriented towards this type of approach, that is the bio-mimetic approach -we mean imitating the biological system to build artifacts that better adapt to human needs .
